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Today’s Agenda

Part |

* |ntroduction ~

Methodological Motivation: No Data o

Dimensions of Reasoning ‘m_‘
60 min.

The Rationale for Bayesian Networks > \ ] I

Introductory Example

* Where is my bag? §9¢

Coffee Break .> @
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Today’s Agenda

Part Il: Case Study & Knowledge Elicitation Exercise

* Background for Case Study h O
* Territorial Disputes in the South China Sea m—l
* Chinese Naval Base on Hainan Island I
* Submarine Communication Limitations
* Case Study > ‘ 120 min.
* Missing U.S. Submarine
* The Bayesia Expert Knowledge Elicitation Environment (BEKEE) FREERTE
* Knowledge Elicitation Exercise ﬂ%‘
* Decision Optimization »

BayesialLab.com 3



Disambiguation

SBAYESIA SBAYESIALAD

Your Decision Partner

Our Company Our Product

The Paradigm

BAYESIAN NETWORKS*

Judea Pearl
Cognitive Systems Laboratory
Computer Science Department
University of California, Los Angeles, CA 90024
Juden@es.ucla.edu

BayesialLab.com

Bavesian networks were developed in the late 1970's to model distributed processing in
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Dr. Paul Munteanu
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Teaching Edition

BAYESIALADB R
cademic Edition
B ERVYEIES
D eS ktO p F?a){:eSia-Lab| a)giersr‘wlilatirr < Code Export Module
rofessiona
Software

BayesialLab
WebSimulator

Web
Application e bpert

Environment
(BEKEE)

S Bayesia Engine API

A P | forModeling and for Network Learning
Inference
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Slides and networks will be available
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Bayesian Networks & BayesialLab

A Practical Introduction for Researchers

www.bayesia.com/book ~ Bayesian Networks
& BaygsiaLab

* Free download:

* Hardcopy available on Amazon:
http://amzn.com/0996533303
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Seminar Credits

CERTIFICATE

Stefan Conrady

5th Annual BayesiaLab Conference
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"
BAYESIALAB
Date of Issue: 10/3/2017 CONFERENCE
Certificate ID: 14221155 P ‘]
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Seminar Credits

Introductor PSEM Advanced Hnowledge Marketing M Virtual
Semi Elicitation wi i :
Course eminar Course BEKEE eminar Reality

MO RO= M0 IO= MO O

Free Seminar in Boston: Knowledge Discovery =
with Bayesian Networks and Virtual Reality B&§

Please check in!

CIC Boston—Lighthouse West
Friday, January 19, 2018 from 50 Milk Street = e s
1:00 PM to 4:00 PM (EST) 20th Floor
Boston, MA 02109 | "o® Order

100£.28.5968¥96.9181 L

Ormer &7 siral ol Cmparet OF SN S Sy 7L e e e E El' _

"ééminarl Knowledge Discovery with Bayesian Networks and Virtual Reality E E£
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No Data?

“In God we trust, all others

must bring data.””

*attribution disputed

W. Edwards Deming

BayesialLab.com 16







No Data?

“Without data, you're just
another person with an

opinion.”

W. Edwards Deming

BayesialLab.com 18




...just another opinion*

¥THIS IS AS GOOD AS IT GETS.

BayesialLab.com 19



Just Another Opinion or Domain Knowledge?

* In this day and age of “Big Data,” we may be
led to believe that facts can only be
established from data, especially in the
context of a scientific inquiry. This is a
misconception.

* Even without data, humans do often possess
useful knowledge, qualitative or quantitative,
tacit or explicit, about many aspects of the
world.

BayesialLab.com 20
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Dimensions of Reasoning

A Map of Analytic Modeling & Reasoning



Deductive Logic
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Deductive Logic

Limitations of Logic

“Classical logic has no explicit mechanism for
representing the degree of certainty of premises in an

argument, nor the degree of certainty in a conclusion,

AY

given those premises.”

J. Williamson, Handbook of the Logz |
1he Tiurn Toward the Practical

drgumeﬂf qud

BayesialLab.com



Inductive vs. Deductive Logic Formal Deductive Logic

Z Probabilistic Deterministic

BayesialLab.com o5



2000 YEARS I .ATER... 1763
PHILLOSOPHICAL

, . e TRANSACTIONS
Bayes’ Theorem for Conditional Probabilities

[ 370]
quodque folum, certa nitri figna prabere, fed plura
concurrere debere, ut de vero nitro producto dubium
non relinquatur.,

L1I. An Effay towards folving a Problem in
the Doctrine of Chances. By the late Rev.
Mr. Bayes, F. R. 8. communicated by Mr.
Price, in a Letter to John Canton, A. M.
ER.S.

Dear Sir,

Read Dec. 33, T Now fend you an effay which I have

1763 IMfound among the papers of our de-
ceafed friend Mr. Bayes, and which, in my opinion,
has great merit, and well deferves to be preferved.
Experimental philofophy, you will find, is nearly in-
terefted in the fubject of it; and on this account there
feems to be particular reafon for thinking that a com-
munication of it to the Royal Society cannot be im-

H: Hypothesis

E: FEuvidence

P(H|E)= P(EL@;D(H)

Prﬁ:h:ﬂ, you know, the honour of being a mem-
ber of that illuftrious Socicty, and was much eftcem-
ed by many in it as a very able mathematician. Inan
introduéion which he has writ to this Effay, he fays,
that his defign at firft in thinking on the fubject of it
was, to ﬁndggut a method by which we might judge
concerning the probability that an event has to hap-
, in given circumftances, upon fuppofition that we
mw nothing concerning it but that, under the fame
circums

“Probability of

H given E”

BayesialLab.com



Probabilistic Reasoning

Mathematical Formulation of Probabilistic Reasoning

“Bayesian inference i1s important because it provides a
normative and general-purpose procedure for reasoning

under uncertainty.”

Inductive Reasoning: Experimental, Developmentalyand

A [

Compurational Approaches, edited é)/ Ardan

BayesiaLab.com 27




Why is this so important?

Human Cognitive Limitations and Biases Under Uncertainty

Human Reasoning = Normative Reasoning

Cause Effect

$*LL’P(C?E.S Human Reasoning = Normative Reasoning

BayesialLab.com



250 Years Later...

* “ ..despite the mathematization of
probability in the Enlightenment,
mathematical probability
theory remains, to this very day,
entirely unused in criminal
courtrooms, when evaluating the
‘probability’ of the guilt of a
suspected criminal.”

James Franklin, The Science of Conjecture:

Evidence and Probability before Pascal,
2001 The Johns Hopkins Press

BayesialLab.com
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APPROVED FOR RELEASE 1934
1A HISTORICAL REVIE PROGRAR

Bayes' Theorem For Intelligence Analysis

Jack Zlotnick
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Bayesian Inference in Practice?

“Due to the highly mathematical nature of Bayesian

Decision Analysis, many users will feel uneasy trusting the

resulting assessments.”

BayesiaLab.com 31




Dimensions of Reasoning

That’s our first dimension!

Logic Applies

Bayes’ Rule Applies

Z Probabilistic

Deterministic

BayesialLab.com




Dimensions of Reasoning

Statistical Science

2010, Vol. 25. No. 3. 289-310

DOI: 10.1214/10-STS330

© Institute of Mathematical Statistics, 2010

To Explain or to Predict?

Galit Shmueli

Abstract.  Statistical modeling is a powerful tool for developing and testing
theories by way of causal explanation, prediction, and description. In many
disciplines there is near-exclusive use of statistical modeling for causal ex-
planation and the assumption that models with high explanatory power are
inherently of high predictive power. Conflation between explanation and pre-
diction is common, yet the distinction must be understood for progressing

Description

\ Association/Correlation

BayesialLab.com

Prediction

Key words and phrases:

1. INTRODUCTION

Looking at how statistical models are used in dif-
ferent scientific disciplines for the purpose of theory
building and testing, one finds a range of perceptions
regarding the relationship between causal explanation
and empirical prediction. In many scientific fields such
as economics, psychology, education, and environmen-

tal crianmcra ofatictiral mnadale ara 11cad alrmact avelir

sientific knowledge. While this distincy
ophy of science, the statistical litera
y differences that arise in the proce

Model Purpose

Explanatory modeling, causality, predictive mod-
eling, predictive power, statistical strategy, data mining, scientific research.

Explanation | Simulation

focus on the use of statistical modeling for causal ex-
planation and for prediction. My main premise is that
the two are often conflated, yet the causal versus pre-
dictive distinction has a large impact on each step of the
statistical modeling process and on its consequences.
Although not explicitly stated in the statistics method-
ology literature, applied statisticians instinctively sense
that predicting and explaining are different. This article

Attribution

Causation

Optimization
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The End of Theory?

& =< ORI

BayesialLab.com



Dimensions of Reasoning

Machine Learning

& AI

Model Source

Model Purpose | Causaton

Description | Prediction Explanation | Simulation [Attribution |Optimization

[ Association/Correlation \

BayesialLab.com



Dimensions of Reasoning

Machine Learning

& AI

Reasoning:

Why? How? What to do?
Who is responsible?

Model Source

Prediction Simulation Attribution

Explanation

Model Purpose | Causaton

Description Optimization

[ Association/Correlation |

BayesialLab.com



Dimensions of Reasoning

Machine Learning

& Al

Reasoning:

Why? How? What to do?
Who is responsible?

Model Source

Attribution

Simulation

Prediction Explanation

Model Purpose | Causaton

Description Optimization

~ Association/Correlation

BayesialLab.com



I Dimensions of Reasoning

|
y=f(see()) | y=f(co)

“given that | see” I “given that | do”

Model Purpose | Causation

Model Source

Description | Prediction Explanation | Simulation [Attribution |Optimization

XL

~ Association/Correlation

BayesialLab.com






I Dimensions of Reasoning

Machine Learning
& Al

Reasoning:
Why? How? What to do?
Who is responsible?

Model Source

+ Domain Knowledge

Description | Prediction Explanation | Simulation [Attribution |Optimization

Association/Correlation Model Purpose \ Causation T

BayesialLab.com






Bayesian Networks

As a Reasoning Framework

)
Q
S
=
Q
A
o
o
o
=

Explanation Attribution Optimization

Association/Correlation Model Purpose | Causation

BayesialLab.com 43



Y Dimensions of Reasoning

Bayesian Networks

urpose

BayesialLab.com 44




The New Paradigm: Bayesian Networks <~

Bayesian Networks
& Bayesialab

STEFAN CONRADY | LIONEL JOUFFE

BAYESIAN NETWORKS*

PROBABILISTIC GRAP

Judea Pearl
Cognitive Systems Laboratory
Computer Science Department
University of California, Los Angeles, CA 90024
Judea@cs.ucla.edu

A Practical Introduction for Researchers

Baycsian networl.(s were developed in th? late 1970’s to model distributed processing in
b combin o ot coheret nterpretaon. T ey BAYESIAN
e Sl e e s hclont | . NETWORKS
Heckerman e - . a.Y e Sla

d ta Studies in Computational Intelligence OLIVIER POURRET, PATRICK NAIM T ]
ing  statistics M TR

o BAYESIAN Bayesian INety  computer Science and Data Analysis Series

finance kerne clustering A Practical Guide to

REASON I N G EWhiE: Holmes . . Bayesian

sampling Ianguage trees

Lakhmi C. Jain (Eds.) ags _m
and algorlthms bl W 4 ArtlflClal
networks recognition prediction lnnovations in ; - lmelhgence

MACH IN E . Bayesian Networks ) "'SEé]OND EDITION

robotics  MATI

Srecks LEARNING S68 : : ‘ . RICHARD E. NEAPOLITAN

® computational intelligence

tracking e carias inference
uncertainty

Peter Spirtes,

David Barber

Clark Glymour, and

Richard Scheines
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The New Paradigm: Bayesian Networks



The New Paradigm: Bayesian Networks

Key Properties

* Compact Representation of the Joint Probability Distribution

* No distinction between dependent and independent
variables

* Omni-directional Bayesian inference
* Nonparametric

* Probabilistic

* Causal

* Intuitive

® Scalable

BayesialLab.com 47




The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Representation (or approximation) of the joint probability distribution of all variables.
* No distinction between dependent and independent variables.
* Numerical and categorical variables are treated identically.

* Nonparametric.

Compare to algebraic formula:
Representation of one variable of the joint probability distribution, i.e. y=f(x)

Dependent — EO —|— ﬁlxl _l_ .o _l_ ann

Independent Independent

BayesialLab.com



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Omni-directional Inference, i.e. evaluation is always performed in all directions.

/ Compare to “uni-directional” algebraic formula and human intuition \

ONE
WAY

Y

S y260+61$1‘|“|‘6n$n )

BayesialLab.com 50




Bayesian Networks for Risk Management

Omni-Directional
Inference

BayesialLab.com 51




Bayesian Networks for Risk Management

Omni-Directional
Inference

BayesialLab.com 52




The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks are inherently probabilistic.
* Evidence and inference are represented by distributions.

* Inference can be performed with partial evidence.

-

Deterministic Point Compare to algebraS VI
Estimate

Single Value

Input

y: BO+£1$1++BTL$7L

N

J

BayesialLab.com
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Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks can encode causal
direction, algebra cannot.

* Example: Newton’s Second Law of Motion

F=m-a

L]

AXIOMATA
SIVE

LEGESMOTUS

Lex. L

Corpas omme perfeverare in [latu fuo quicfeends wel movends uuifor-
auiter in dweltwm, wifs guanenns avivibns inspreffis cogitnr fEatim
llins mutare.

Rojeétilia perfeverant in motibus fuis nifi quatenus a refiften-

P tia acris retardantur & vi gravitatis impelluntur deorfum.

Trochus, cujus partes cohzrendo perperuo retrahune fefe

a moribus reétilineis , non ceffat rotari nifi quatenus ab aere re-

tardatur.  Majora autem Planetarum & Cometarum corpora mo-

s fuos & progreflivos & circulares in {patiis minus refiftentibus
fadtos confervane diutius.

Lex. 1L

Midationem motis proportionalem effewi motvic impreffue, &+ fieri fe-
enneliny oFa i ille insprimitar.

15 deternminano-

Lex, 1

BayesialLab.com



Bayesian Networks 1

AXIOMATA
Key Properties of Bayesian Networks SIVE

LEGESMOTUS

* Bayesian networks can encode causal et
d I reCtI O n y a I ge b ra Ca n n Ot. Corpas omme perfeverare in [latu fuo quicfeends wel movends uuifor-

auiter in dweltwm, wifs guanenns avivibns inspreffis cogitnr fEatim
llins mutare.

[ Exa m p I e : N eWto N ’S SeCO ] d LaW Of IVI Oti O ] PRojcc'lili;l perfeverant in motibus fuis nifi quatenus a refiftens

tia acris retardantur & vi gravitatis impelluntur deorfum.
Trochus, cujus partes cohzrendo perperuo retrahune fefe
a moribus reétilineis , non ceffat rotari nifi quatenus ab aere re-
tardatur.  Majora autem Planetarum & Cometarum corpora mo-

s fuos & progreflivos & circulares in {patiis minus refiftentibus
( factos confervant dwtius.
“Mutationem motus proportionalem esse vi motrici impresse, & fieri Lex. I
. o . . . . Mid atione ropartionalem effe vi motrici i £y D fieri fe-
secundum lineam rectam qua vis illa imprimitur.” ke el bt

tripla tri=

5

generee, lilfl“!.l (.llli"%ll!l].
“A change in motion is proportional to the motive force
impressed and takes place along the straight line in which
\that force is impressed.”

g3 deternmminano-

Lex, 1

BayesialLab.com 55




The New Paradigm: Bayesian Networks

Limitations of Algebra: Newton’s Second Law of Motion

L]
OMATA “vi motrici impressz”

“Mutationem motus”

solving for mass

Causal Interpretation

Causal Assignment Not Possible

BayesialLab.com



The New Paradigm: Bayesian Networks

Key Properties of Bayesian Networks

* Bayesian networks can formally encode a causal direction*, algebra cannot.

-

N

Algebra vs. Bayesian Network

Causal or non-causal? ‘

oLF
m

~

Force

Acceleration /

BayesialLab.com

*Applies to manually encoded networks
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Introducing BayesialLab

Bayesian Networks for Research, Analytics, and Reasoning



Mathematical Formalism =2 Research Software

BAYESI




SBAYESIALAD
A desktop software for:

N * encoding
“f - * learning
il )| * editing
* performing inference
L S a3 - * analyzing
- : i 5 * simulating
® optimizing

with Bayesian networks.

BayesialLab.com




gAYESIALAB

Constructing a Model

Introductory Example
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Where is my bag?

Travel Route: Singapore (SIN) = Tokyo/Narita (NRT) = Los Angeles (LAX)
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Where is my bag?

f

-

Singapore
SIN

oY K

BayesialLab.com



Where is my bag?

Scenario

* Luggage delivery starts onto the carousel.
* After 5 minutes, | still do not see my bag.

* What is the probability that | will still get my
bag?

BayesialLab.com
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Where is my bag?

Proposed Workflow

* Encode the available — albeit very limited —
knowledge into a Bayesian network.

* Use BayesialLab to perform probabilistic
inference given our observations.

BayesialLab.com



|E Bayesialab - New graph 1.xbl

Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
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New graph 1.xbl *

My Bag on

lane

My Bag on Carousel

Time

Joint Probability: 100,00%
Log-Loss: @

Total Value: 5.000

Mean Value: 5.000

My Bag on Plane
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Time

Jaint Probability: 5.45%
Log-Loss: 4.2

Total Value: 5.000
Mean Value: 5.000
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Value; 0.667 (-0.133)

33.33%
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True
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Time
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Log-Loss: 0.74
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[£#] Target Mean Analysis
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Node:
%

¥

Target:
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() Delta Mean
Variables:
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() Delta Mean
() Normalize
[] Use Hard Evidence

[] Order by Strength
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CASE STUDY
ACKGROUND AND CONTEXT




Caveat

Geopolitical Reasoning

* Any references to potential adversaries, enemies, conflicts,
hostilities, etc., are strictly for methodological illustration
purposes.

* We are not expressing any opinions about the legitimacy of
territorial claims in the South China Sea.

* All background information provided in this seminar is from
publicly available sources.

* All numerical values shows are purely fictional.

* The problem domain is highly simplified for illustration purposes.
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Scenario

Fictional Mission

* An American Virginia-class (SSN 774 class) nuclear-powered attack submarine is

on patrol to monitor the sea trials of a new Chinese Jin-class (Type 094) ballistic
missile submarine (SSBN).

* The object of interest is based at Yulin (Sanya) Naval Base on Hainan Island.

Jin-Class (Type 094) SSBN

BayesiaLab.com
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Scenario

Fictional Mission

* Planned duration: 4 days.

* No communication from
submarine during mission to
avoid detection.

Mission Area

* Divided into four quadrants.
* Approximately oval route.

* Submarine can adjust course as
per operational requirements.




Scenario

Mission Area Considerations

* South China Continental Shelf

* Shallow, coastal waters
(<100m)

* Deep water (>1000m)




Scenario

Mission Area Considerations Hainan Island
Chinese Territory

* Hainan Island
Chinese territorial waters

* Paracel Islands
Chinese-claimed territorial *
waters :

Paracel Islands
ﬁnese—Cﬁmed
Territory

BayesialLab.com w - 4 (IF.
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ON PATROL

-~ 50UTH CHINA SEA




No signal from submarine
after day bL..



Missing Submarine

Where is the submarine?
What happened?
What are the consequences of detection?

Capture?

Hostile military action?

What are the risks of a search effort?
Where should the search start? n‘
What are the chances of a successful rescue?

For how long can the crew survive?

What are the political implications?



LT LT

Undersea Rescue?

Should a search and rescue effort _? (Z
be launched?
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Constructing a Model for Decision Support



Constructing a Model for Decision Support

A model that can help us understand, think, reason, predict, and simulate.
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Constructing a Model for Decision Support

A model that can help us understand, think, reason, predict, and simulate.

-
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@ Reasoning with Theory

Description | Prediction Explanation | Simulation [Attribution |Optimization

\ Association/Correlation Model Purpose Causation |
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Constructing a Model

Key Considerations

* We need to encode how
the “world works,” not
how we reason.

* l.e., we are not building a
decision tree!
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Constructing a Model for Decision Support

Proposed Approach for Decision Making

1. Domain Knowledge Encoding 9 . ’.

Position Depth
(] (] D D D G (] (] D D D G

Position (Quadrant) <500m >500m
e .. . 50.000 50.000
2. Proba blllty Elicitation Q 90.000 10.000

50.000 50.000
10.000 90.000:

3. Cost/Utility Assessment Q <>

U1

4. Inference & Optimization i
Search & Rescue Decision

HWN =

BayesialLab.com 106




Constructing a Model for Decision Support

@

Bayesia Expert Knowledge Elicitation Environment

=15 4=

4. Inference & Optimization i
Search & Rescue Decision
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Proposed Approach for Decision Making

O @

Position Depth

1. Domain Knowledge Encoding
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Constructing a Model for Decision Support

Proposed Approach for Decision Making

1. Domain Knowledge Encoding Q . ’ .

nnnnnnnn Depth
Postan oom »soom
2. Probability Elicitation Q -
)
3. Cost/Utility Assessment @ <>
4. Inf & Optimiza tion i D
e Deci:

Workflow Details

Constructing a Model for Decision Support



1. Brainstorming & Model Construction

e Variables of interest
* Causal relationships

E:J o
- Qualitative
c Network

Experts

X =
@

FaC|I|tator

BayesialLab.com



2. Knowledge Elicitation Web Client

BAYESIALAB ! i
BEKEE Server'

Quantltatlve
Facilitator Elicitation

BayesialLab.com



3. Assignment of Cost, Values, and Utilities

@QQ ........ O
&Ga N

Experts
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4. Inference, Analysis, and Decision Optimization

Final Network

BAYESIALAB

stefan.conrady@bayesia.us
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i = -

BAY;?LVBEE?;WB\'\_ _ _:__-

= Quantitative
Facilitator Elicitation

Details on Knowledge Elicitation
Introducing the Delphi Method and the Bayesia Expert Knowledge
Elicitation Environment (BEKEE)



Motivation: Individual Biases

Examples
* Overconfidence Judgment
. : : : under
Confirmation bias uncertainty:
* Framing effect ERITASUICS

and biases

® Escalation of commitment
* Availability bias
* |llusion of control

* Anchoring bias

BayesialLab.com



Motivation: Group Biases

Examples

* Groupthink (“toeing the line”)
* Social loafing (“hiding in the crowd”)

* Group polarization (“taken to the
extreme”)

* Escalation of commitment (“throwing
good money after bad”, “sunken costs
fallacy”)
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The Delphi Method

Interacting Groups

* Take the positive, e.g.
* Knowledge from a variety of sources
* Creative synthesis
* Prevent the negative, e.g.
* Groupthink (“toeing the line”)
* Social loafing (“hiding in the crowd”)

* Group polarization (“taken to the extreme”)

BayesialLab.com

A CONSULTATION OF THE
DELPHIC ORACLE:
THEMIS ON THE TRIPOD
WITH KING AEGEUS,

C. 440 BC
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The Delphi Method

Origins

RM-727/1-ABRIDGED
JULY 1962

* The original Delphi method was developed in
the 1940s and 50s by Norman Dalkey of the
RAND Corporation. "HIHE USE OF EXPERTS

Norman Dalkey and Olaf Helmer

®* The Delphi method was devised in order to
obtain the most reliable opinion consensus of a

PREPARED FOR:

group of experts by subjecting them to a series UNITED STATES AIR FORCE PROJECT RAND

of questionnaires in depth interspersed with 2 RAND g

controlled opinion feedback.
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The Delphi Method

The Classical Delphi

* Interviews via questionnaires

Anonymity of participants
~N /\

Iteration

e 1 round Feptiach * 39 round
e Analysis of * 2™ round * Analysis of
* Controlled feedback > it L hrava o ke
results

Feedback

Feedback

Statistical aggregation
ggreg D X 5
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First Experimental Application

“to solicit expert opinion to the
selection, from the point of view of a 20y :
Soviet strategic planner, of an optimal - S
U.S. Industrial target system...” c '

BayesialLab.com



Delphi Method Assessment

“In view of the absence of a proper theoretical foundation and the consequent inevitability of
having, to some extent, to rely on intuitive expertise—a situation which is still further
compounded by its multidisciplinary characteristics—we are faced with two options: we can
either throw up our hands in despair and wait until we have an adequate theory enabling us
to deal with socioeconomic and political problems as confidently as we do

with problems in physics and chemistry,

or we can make the most of an admittedly ANALYSIS OF THE FUIURE: THE DELEHI METHOD
unsatisfactory situation and try to obtain |

the relevant intuitive insights of experts Olaf Helmer

and then use their judgments as

systematically as possible.”  March 1967
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Constructing a Model for Decision Support

Objective Methodology Technology

Knowledge Bayesian Networks BAYESIALAB

Discovery &
Inference

Knowledge
Elicitation

Delphi Method
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Model Construction

Encoding what we know...



1. Brainstorming & Model Construction

e Variables of interest
* Causal relationships

E:J o
- Qualitative
c Network

Experts

X =
@

FaC|I|tator
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USN Objective &
Plan

Model Construction

Reasoning Concept
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Model Construction

Mission
(Not Observable)

Reasoning Concept a
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USN Objective &

Model Construction

Mission
(Not Observa ble)

Reasoning Concept
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USN Objective &
Plan

Model Construction

Mission
(Not Observa ble)

Reasoning Concept

€

USN Decision

e
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USN Objective &

Model Construction

Mission
(Not Observable)

Reasoning Concept =

USN Decision

Expected Mis
A
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USN Objective &

Model Construction

Mission
(Not Observable)

Reasoning Concept H

Observational
Inference

USN Decision

90UBJBU|

Expected Missio

PLA(N) Response outc

Utilities
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Model Construction

Position as a

i . function of Timeline
Encoding the Mission

Overall Timeline Position (Quadrant)

to be elicited

BayesialLab.com



Model Construction

Encoding the Mission

Overall Timeline

of Position

to be elicited

O

Position (Quadrant)

Depth as a function

Depth

BayesialLab.com



Model Construction

Encoding the Mission Dynamics

HainanIsland
Chinese Territory

to be elicited

Overall Timeline
*

Paracel Islands
Chinese-Claimed

’ Te rritoﬁ?'

o =P

T
- ' i

*® Q@

Position (Quadrant)

Territory as a
‘ function of Position

Depth
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Model Construction

Encoding the Mission

O g 4

Overall Timeline Position (Quadrant)

. 4

Territory

Incident as a function
of Territory and Depth

O

Depth

BayesialLab.com

to be elicited

Incident
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Model Construction

Encoding the Mission

Overall Timaline

Return as a function
of Timeline and

Incident
Return

BayesialLab.com

to be elicited




Model Construction

O g 4

EnCOd i ng the M iSSion Overall Timeline Position (Quadrant)

O

Depth Incident

Crew Condition as a
function of Incident

Return
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Model Construction

O g 4

EnCOd i ng the M iSSiOn Overall Timeline Position (Quadrant)

Incident Timeline

O

Depth

Incident

Crew Condition as a

function of Incident and
Incident Timeline

Return
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Model Construction
O O

EnCOd i ng the M iSSiOﬂ Overall Timeline Position (Quadrant) Terrifory Incident Timeline

O

Depth Crew/Condition

Emergency Signal as a

function of

* Territory

* [Incident

* Incident Timeline

* Crew Condition Emergency Signal

A

BayesialLab.com



Model Construction

O g 4

EnCOd i ng the M iSSiOﬂ Overall Timeline Position (Quadrant)

Incident Timeline

Crew/Condition

Emergency Signal as a
function of
Territory
Incident
Incident Timeline
Crew Condition

Emergency Signal

BayesialLab.com



Model Construction

EnCOding the MiSSiOﬂ Overall Timeline

* We need to infer the Not Observable

unobservable variables
from the observable
ones:

* Time

* Return

* Emergency Signal n

Return Emergency Signal
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Model Construction




Why is this so important?

Human Cognitive Limitations and Biases Under Uncertainty

Human Reasoning = Normative Reasoning

Cause Effect

$*LL’P(C?E.S Human Reasoning = Normative Reasoning

BayesialLab.com



Model Construction

* 16 Influence Paths to
Crew Condition:

Overall Timeline Position ( drant) Territory

Path Causal Length Score Description

Path 0 ] 6 27.6703132 |Overall Timeline -> Return <- Incident <- Territory <- Position (Quadrant) -> Emergency Signal <- Crew Condition

Path 1 ] 7 40.3283899 |Overall Timeline -> Return <- Incident <- Territory <- Position (Quadrant) -> Emergency Signal <- Incident Timeline -> Crew Condition
Path 2 ] 6 28.9755482 |Overall Timeline -> Return <- Incident <- Depth <- Position (Quadrant) -> Emergency Signal <- Crew Condition

Path 3 (] 7 41.6336248 |Overall Timeline -> Return <- Incident <- Depth <- Position (Quadrant) -> Emergency Signal <- Incident Timeline -> Crew Condition
Path 4 ] 4 21.5221298|0Overall Timeline -> Return <- Incident -> Emergency Signal <- Crew Condition

Path 5 ] 5 34.1802064 |Overall Timeline -> Return <- Incident -> Emergency Signal <- Incident Timeline -> Crew Condition

Path 6 ] 3 6.5862831|Overall Timeline -> Return <- Incident -> Crew Condition

Path 7 ] 3 17.1274977 |Overall Timeline -> Position (Quadrant) -> Emergency Signal <- Crew Condition

Path 8 ] 4 15.6225698 |Overall Timeline -> Position (Quadrant) -> Emergency Signal <- Incident -> Crew Condition

Path 9 ] 4 29.7855744 |Overall Timeline -> Position (Quadrant) -> Emergency Signal <- Incident Timeline -> Crew Condition

Path 10 ] 5 27.9877014 |Overall Timeline -> Position (Quadrant) -> Depth -> Incident -> Emergency Signal <- Crew Condition

Path 11 (] 6 40.6457781 |Overall Timeline -> Position (Quadrant) -> Depth -> Incident -> Emergency Signal <- Incident Timeline -> Crew Condition

Path 12 ™| 4 13.0518547 |Overall Timeline -> Position (Quadrant) -> Depth -> Incident -> Crew Condition

Path 13 ] 5 26.6824665 |Overall Timeline -> Position (Quadrant) -> Territory -> Incident -> Emergency Signal <- Crew Condition

Path 14 |:| 6 39.3405431 |Overall Timeline -> Position (Quadrant) -> Territory -> Incident -> Emergency Signal <- Incident Timeline -> Crew Condition

Path 15 4 11.7466197 |Overall Timeline -> Position (Quadrant) -> Territory -> Incident -> Crew Condition

Return Emergency Signal

BayesialLab.com



Model Construction

®* One of the 16 influence overa
paths:

Emergency Signal
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USN Objective &

Model Construction

Mission
(Not Observa ble)

Reasoning Concept

Inference

‘©
=
o
=
©
>
S
o
®
O
@)

90UBJBU|
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USN Objective &

Model Construction

Mission
(Not Ob§erva ble)

Reasoning Concept I

Inference

‘©
=
o

=
©
>
S
o
®

O
@)

USN Decision

STV EYETN]
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USN Objective &

Model Construction

Mission
(Not Observable)

Reasoning Concept H

Inference

‘©
=
o

=
©
>
S
o
®

O
@)

USN Decision

‘
Expected Missic
ieab Ul Outcome ‘

90UBJBU|
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USN Objective &

Model Construction

Mission
(Not Observable)

Reasoning Concept H

Observational
Inference

USN Decision

90UBJBU|

Expected Missio

PLA(N) Response outc

Utilities
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Model Construction I Decision Node |

Modeling the Decision
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Model Construction

Modeling the Decision

&

Utility Node |
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Model Construction

Modeling the Decision

to be
elicited

u1 USN Detecti
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Model Construction

Search ResLue cision

Modeling the Decision

u1 USN Detecti

USN Rescue

u2
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Model Construction

Search ResLue cision

Modeling the Decision

PLA¢N) Search Effort

&

u1 USN Detecti
USN Rescue

u2
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Model Construction

Search ResLue cision

Modeling the Decision

PLA¢N) Search Effort

PLA(N) Detection U1 USN Detecti

Utility Node |

USN Rescue

u2
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Model Construction

Search ResLue cision

Modeling the Decision

PLA¢N) Search Effort

&

PLA(N) Detection u1 USN Detecti

PLA(N) Response USN Rescue

u3 u2
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Model Construction

Decision Node ]

Search ResLue cision

Modeling the Decision

of
i

PLA(N) Search Effort

PLA(N) Detection u1 USN Detecti

. Utility Node |

PLA(N) Response USN Rescue

u3 u2
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Model Construction

Combining the Models

BayesialLab.com

PLA(N) Search Effort

Observational

=
)
)
@
>
(@)
®

Inference




Model Construction

Finding the Optimal Decision

* Scenarios based on dummy data:

Day Emergency Signal |Optimal Decision
5 TRUE 1
5 FALSE 1
6 TRUE 3
6 FALSE No Search
7 TRUE 2
7 FALSE No Search
8 TRUE 2
8 FALSE No Search
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2. Knowledge Elicitation Web Client

BAYESIALAB ! i
BEKEE Server'

Quantltatlve
Facilitator Elicitation
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2. Knowledge Elicitation

Assessment to be Performed:

PLA(N) Detection

False

True

Depth

<500m

>500m

<500m

>500m

Territory

Chinese Territorial Waters
Chinese-Claimed Territorial Waters
International Waters

Chinese Territorial Waters
Chinese-Claimed Territorial Waters
International Waters

Chinese Territorial Waters
Chinese-Claimed Territorial Waters
International Waters

Chinese Territorial Waters
Chinese-Claimed Territorial Waters
International Waters

No Action Rescue Capture/H...
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000

i 100.000 i 0.000 i 0.000
i 100.000 i 0.000 i 0.000
100.000 0.000 0.000

= 5.000 i 20.000 i 75.000
25.000 50.000 25.000

i 10.000 i 40.000 i 50.000
100.000 0.000 0.000
100.000 0.000 0.000
100.000 0.000 0.000

BayesiaLab.com
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[ Bekee X +

<« > C O @ https://bekee3.bayesialab.com/#!Expert%20Sessions 2O ff @ /@3 Z @ P B e .}?) i

1. Go to https://bekee3.bayesialab.com

>
‘2’\\ Sign in with Bayesia

- ’ Sign in with Google

Sign in with Facebook

Sign in with Linked In

2. Select Sign in with Bayesia



4 Bayesia - SSO X + - 2 43

<« 2> C 0N A Not secure | login.bayesia.com/users/login?response_type=code&client_id=NTdjOTIjZjU3N2N... ¥t 2 85 M 7 %Y ®&@ A 3 = ( e B @ .?, :

BAYESIA Replace x with

Your Decision Parstner
your number

Bayesia Login Register

| ‘ Login:
bekee2@bayesia.us

bekeex@bayesia.us

| forgot my password

Password:
BayesialLab6



[ Bekee X +

&« C (O @& https//bekee3.bayesialab.com/#!Expert%20Sessions

Account

Bayesia
Bayesia USA-SG

Select Account
Bayesia USA-SG
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BEKEE Navigation Pane

My Sessions

Q Filter

Refresh Subscribe to a Session Unsubscribe Goto
Session Project Progress Type Status
EV EV 0 % Interactive Closed
Burke EV 0% Interactive Closed
Risk EV 0% Interactive = Closed

Submarine  South China Sea Interactive  On Track

Double-click on Session
Submarine
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&« C (O @& https//bekee3.bayesialab.com/#!Expert%20Sessions “ 2 d 7% @ 72 B3 2 g P B @ 3

BEKEE Navigation Pane

Submarine - South China Sea

Return to the Session List

Waiting for an assessment to be posted by BayesiaLab
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BEKEE Navigation Pane

Submarine - South China Sea

Context
Depth >500m
PLA(N) Detection False
Territory Chinese Territorial Waters

PLA(N) Response PrOVI d e yO U r eStI m ateS

No Action o

Protest —

Rescue [— 250 | %
Capture —_ 250 | %
Confidence 100.0%

Comment
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&« C (O @& https//bekee3.bayesialab.com/#!Expert%20Sessions

BEKEE Navigation Pane

Context

Depth
PLA(N) Detection

Territory

PLA(N) Response

No Action — co—

Protest ———
Rescue -
Capture -
Confidence

Comment

w LCEOHEfFDD»O/ @2 0P

Submarine - South China Sea

>500m

False

Chinese Territorial Waters

390 %

380 | % v

Provide your confidence level
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BEKEE Navigation Pane

Territory Chinese Territorial Waters

PLA(N) Response

No Action — o 390 %
Protest o 380 % v
Rescue - 11.0 0 %
Capture -= 120 | % |v

Confidence L Add any comments

Comment

Click Validate
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BEKEE Navigation Pane

Territory Chinese Territorial Waters

PLA(N) Response

No Action — o 390 %
Protest o 380 % v
Rescue - 11.0 0 %
Capture -= 120 | % |v

Confidence L Add any comments

Comment

Click Validate




Knowledge Elicitation

[ Bekeo X 4
< c o

* CEHEMYO fa@ 3

& https //bekeed bayesialab. com/#1Ex;

Territory

PLA(N) Response

NOACtion —ess—

[£#] Assessment Editar

Depth PLA(N) Detection

Protest Rescue Capture

16/ 16| 52| 16NN
27| 44| 22| FINN_2

No Action

Comment

[£#] Mede Editor

Node Selection: PLA(N) Response

Rename

Values State Names

States

Reference State
Probabilty Distribution

Probabilistc Deterministic Tree Equation Updating

Filtered State

Comment
Properties

Depth

False

<500m

oK Cancel True

False
>500m

True

PLAN) Det...

Territory
Chinese Te...

Mo Action

Protest

Rescue Capture

Chinese-Cl...

Internatio.

Chinese Te.

15.0%‘

. uu—n‘

|
[
33‘00—0‘ 8.000)

Chinese-Cl...

Internatio.
Chinese Te...
Chinese-Cl...

26.29
39.000
16.000;

26.4: i 27,698 19.5

38,000
16.000]

11,000]
52.000]

Internatio.

Chinese Te...

Chinese-Cl...

Internati

Complets Normalize

Randomize

Assess

Rendering Properties

Classes

oK

Cancel
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3. Assignment of Cost, Values, and Utilities
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4. Inference, Analysis, and Decision Optimization

Final Network

BAYESIALAB

stefan.conrady@bayesia.us
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® Concluding Remarks



BayesialLab Courses Around the World in 2019

* January 8-10 °* March 19-21
New York City Washington, D.C.
* January 23-25 * April 3-4
Cape Town, South Africa Amsterdam
* January 29-31 Netherlands BAYESIALAR
_ _ Introductory
Pretoria, South Africa Course

* Feb.27-28 m
Dubai, UAE

Learn More & Register: bayesia.com/events
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BayesiaLab Trial

Try BayesialLab Today!

* Download Demo Version:
www.bayesialab.com/trial-download

* Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation

mad
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User Forum: bayesia.com/community

BAYESIALAD

Bayesialab Software  Bayesian Networks  User Guide & Library  User Forum  Bayesialab Store = Courses & Events  Learning Resources  News Feed  About

Log In Register

¢~ BayesialLab Seminars START NEW TOPIC

Latest New Top

Webinar on Diagnostic Decision Support with Bayesian Networks ©0 W0 ® 0
B :nminute ago by stefanconrady: The answers to all webinar questions will be posted here Started by stefanconrady a minute ago
@ English »

BayesialLab.com
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6TH ANNUAL

BAYESIALAB CONFERENCE 2018
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7™ Annual Bayesia
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Thank You!

E stefan.conrady@bayesia.us u BayesianNetwork
n linkedin.com/in/stefanconrady n facebook.com/bayesia
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